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Abstract: There is clear potential for consumer-grade wearable biosensors in future
emotional state research because they are cheap, portable, and accessible. In this
study, biosensor measures of valence and arousal, calculated from Electroencephalography and Apple Watch were correlated with self-reported valence and arousal measured by the EmojiGrid. The method established could prove useful to the research of
emotional states within real-world environments. We establish requirements for the
use of biosensors, specifically the Muse 2 and Apple Watch in future emotion research
applications and for passive real-time analysis of participant emotional states. When
compared to the International Affective Picture System & Oxford Vocalized Sounds,
mean dataset valence and arousal values for visual and auditory stimuli, the EmojiGrid
recorded significant correlations for valence but not for arousal. Using the Muse 2 system, spectral alpha power and the asymmetry index had strong correlations with participant valence for some participants, but weak for others. There was no correlation
between heart rate change and self-reported arousal recorded from the Apple Watch
and EmojiGrid respectively, although access to raw data is required.
Keywords: Affective Design; Biosensors; EmojiGrid; Emotion-state Estimation

1. Introduction: Biosensors and emotion
Emotion is a fundamental part of who we are as humans, and it plays a foundational role in
design (Walter, 2011). Currently, design relies on self-reporting tools (Kaneko et al., 2018a)
or verbal feedback assessing cognitive emotional processing and have several shortcomings:
(1) emotions are difficult to verbalize, (2) they vary across cultures and languages, (3) and interfere with the experience, (4) only capture conscious, declared emotions, (5) cannot assess
unconscious emotional processing, (6) cannot measure emotions in real time (Räikkönen &
Grénman, 2020) and (7) can result in respondent fatigue.
Physiological signals have long been associated with emotion via the Autonomic Nervous
System (ANS) (James, 1884). Wearable Biosensors have been rapidly innovating (Wang et al.,
2021), providing insight into physiological measures, such as heart rate (HR), blood pressure,
skin conductance, and Electroencephalography (EEG); all biosensor measures linked to emotional states (Gasparini et al., 2020; Rincon et al., 2014).
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There is growing interest in utilizing biosensors for design research (Chrysikou & Gero,
2020); Liu (2021) applied biosensors to exploring physiological synchronicity and collaborative learning activities, whereas Gero (2020) has applied design physiology measures to studying design thinking among designers. For a review of biosensors and design applications
please see Borgianni (2020) and Balters & Steinart (2017). Knowledge of emotional states
can inform design processes, in turn enabling and stimulating people to engage in a diverse
range of emotion and mood regulating activities (Desmet, 2015).
This paper reports an initial experiment design and reports the first stage findings. Due to
COVID lockdowns the study had a very limited number of participants (n=5). Our aim was to
explore the potential of biosensors to accurately estimate emotional states by using commercial wearables, Apple Watch (Hernando et al., 2018) and Muse 2 (Kim et al., 2013) as
monitors of physiological signals. Additionally, we wanted to explore the contemporary selfreporting tool, EmojiGrid (Kaneko et al., 2018b) as a cognitive measure of emotional states.

2. Quantifying emotions
There is general agreement that emotional states are comprised of three aspects: the physiological, the behavioral and the cognitive levels (Mauss & Robinson, 2009) enabling processing and priming of emotional responses (Nummenmaa & Saarimäki, 2019).
Two prominent models for human emotion within the field of emotion research, the dimensional, and discrete models, differ in how they characterize emotional states. The discrete
model defines each emotion as comprising of unique physiological, behavioral, and cognitive
characteristics; basic emotions are characterized by universally distinct emotional expressions.
This study adopts the dimensional model, whereby: emotional responses are mapped across
a 2D space defined by emotional valence on the horizontal axis and arousal, along the vertical axis (Citron et al., 2014). Mauss and Robinson (2009) state that “The valence dimension
contrasts states of pleasure (e.g. happy) with states of displeasure (e.g. sad), the arousal dimension contrasts states of low arousal (e.g. quiet) with states of high arousal (e.g. surprised)”. Another third value for emotional avoidance has been classed as motivation (Bradley, 2009; Dalgleish & Power, 2019).

2.1 Emotional measurement tools
Emotional states can be measured using physiological (such as HR, Blood pressure or skin
conductance) behavioral (GPS, body movement) and cognitive (or expressive) techniques
(self-reporting tools, sentiment mining) (Mauss, 2009).
Kaneko (2018a) outlines a toolset covering all response systems for emotional measurement
of food experiences and recommends:
1. Using widely applied, validated measures and refraining from constructing a
new tool unless necessary,
2. Refraining from using (highly correlated) instruments from the same category,
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3. Using multiple measures from different categories
Cognitive emotional measurement tools such as self-reporting tools, rating scales and questionnaires reflect the conscious emotional states indicated by opinions, choices, and decisions (Kaneko et al., 2018a). Cognitive tools that evaluate one’s current experiences are
shown to be more valid than those concerning past, present, future or trait-related emotional experiences (Robinson & Clore, 2002).

2.2 Self-assessment tools
A widely used self-reporting tool, the Self-Assessment Mannequin (SAM) (Figure 2.1), records self-reported valence (happy-unhappy), arousal (excited-calm) and motivation (controlled - in control) according to the dimensional model of emotion. However, this has been
criticized because users often misinterpret the depicted representations of emotion
(Hayashi et al., 2016), notably the arousal dimension (Betella & Verschure, 2016) and require
sequential assessment of stimuli in respect to each dimension (Toet & Erp, 2020).

Figure 2.1. The Self-Assessment Mannequin is a widely used self-reporting tool, capturing valence,
arousal, and motivation (Lombard et al., 2000).

Researchers have constructed various pictorial self-reporting tools such as the Pick-a-Mood
(Desmet et al., 2016) or the Emotion Tracker (Räikkönen & Grénman, 2020). This study
adopts recent work including an intuitive graphical self-report tool mapping dimensional using emoji icons called the EmojiGrid (Figure 2.2) developed by Kaneko et.al (2018b) and Toet
et al., (2020). The square dimensions of the EmojiGrid illustrate different levels of valence (xaxis) and arousal (y-axis), where participants record their emotional states by sliding the central emoji to their relative valence and arousal within the grid (Toet & Erp, 2020). Although
there are six emoji images for each dimensional axis the presentation and organization of
the tool implies a continuous scale. Previous studies have indicated that the EmojiGrid is
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self-explanatory (Kaneko et al., 2018b) addressing misinterpretation issues associated with
the SAM, Emoji have also shown to be language independent (Novak et al., 2015) showing
promise as a cross-cultural self-reporting measure (Danesi, 2016; Jaeger et al., 2018).

Figure 2.2. The EmojiGrid depicts various states of emotional valence and arousal with Emojis, expressing various representations of these dimensions (Toet and Erp, 2020).

2.3 Emotional stimuli for research
Stimuli selection in emotion research has typically concentrated on unimodal cues, with a
focus on visual stimuli (Gerdes et al., 2014). The International Affective Picture System (IAPS)
has become the most cited and widely used validated database of visual stimuli, with mean
valence and arousal values derived from previous research (Lang et al., 1997) many of which,
have used the SAM as a cognitive measure. Mean values of IAPS valence and arousal, which
vary from, can be compared to participant responses using other tools, such as the EmojiGrid.
The Oxford Vocal Sounds (OxVoc) database includes vocalizations from natural scenarios,
representing authentic emotional responses, such as a two-second clip of a female crying
(Parsons et al., 2014). In comparison to the IAPS, the OxVoc database is smaller and has
fewer associated publications but is a useful tool, as the vocalizations express genuine emotion. The database also includes mean valence ratings but not for arousal. Since vocal characteristics are shown to be indicative of emotional arousal levels, with increasing pitch and
amplitude correlating with heightened arousal (Planalp, 1998) it could be useful to attribute
arousal ratings to each vocalization.

4

Biosensor measures of human emotion

2.4 Non-invasive affective biosensors
Real-world applications of non-invasive affective biosensors span from medical technologies
to marketing, human-computer interaction, and affective design. At the time of publishing,
little applied research has monitored emotional states outside the controlled environments
of laboratory settings (Borgianni & Maccioni, 2020; Gasparini et al., 2020), despite real-world
applications demonstrating potential (Chrysikou & Gero, 2020; Räikkönen & Grénman, 2020)
monitoring affective states outside of laboratory environments could improve understanding of emotional processing in applied real-world contexts (Quiroz et al., 2018). Desmet &
Schifferstein (2012) postulate an additional category, deriving expressive actions (such as facial or vocal expressions) from behavioral measures. Thoring and Mueller (2016) have since
constructed a framework of technology-supported emotion measurement with these four
categories (Figure 2.3).

Figure 2.3. A technology framework based on four categories of emotional measurement (Thoring &
Mueller, 2016)

By connecting wearables to a smartphone, with voice and facial recognition, activity tracking, and GPS functions, algorithms and AI can estimate emotional states with relatively high
accuracy (Hilty et al., 2021). With careful forethought and design, new technologies, in line
with positive computing can enhance the physiological wellbeing of our societies (Calvo
2016). Passive streaming of physiological data has the potential to benefit many medical patients in the form of epilepsy detection, clinical care, as well as monitoring common problems like mood and anxiety disorders (Karam et al., 2014; Rohani et al., 2018).
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2.5 Muse 2
EEG emotional state measurement has received considerable attention due to the low cost,
relative simplicity (Mauss & Robinson, 2009) and the capacity to detect a diverse range of
emotional states by measuring the fundamental brain structures that initiate emotional responses (Kim et al., 2013; Gero, 2020). EEG has demonstrated high temporal accuracy but is
limited by low spatial accuracy (Chrysikou & Gero, 2020).
The production of consumer-grade EEG wearables that are relatively cheap, open-source
and easy to use technologies such as the Muse EEG (figure 2.4) could allow researchers the
ability to understand cortical responses in real-world environments.
Alpha power (8-13 Hz) has been shown to decrease across both cerebral hemispheres with
increased cognitive processing (Tomarken et al., 1990), Frontal Alpha Asymmetry (FAA) contrasts frontal alpha power in the left and right hemispheres (Zhao et al., 2018). When comparing frontal lobes, larger decreases of alpha power in the left and right have been associated with greater positive and negative valence respectively (Davidson, 2005).

Figure 2.4: The Muse system features EEG, PPG, pulse oximetry, accelerometer, dry sensors, and gyroscope measures to capture biosignals related to emotion, attention and more (Muse, 2018).

2.6 Apple Watch
The cardiovascular system has been noted as being central to emotional processing with corresponding relationships with sympathetic, parasympathetic (Berntson et al., 1994) respiratory systems (Rainville et al., 2006). Cardiovascular activity is measured through a variety of
metrics including Heart Rate (HR) HR variability (HRV) and Blood Pressure (BP). Many of
these measures have been associated with arousal or valence measures (Gomez et al., 2016;
Rincon et al., 2014).
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Wearables such as the Apple Watch (figure 2.6) can provide cellular data, GPS, ECG and Photoplethysmogram (PPG), an optical technique detecting volumetric changes in blood peripheral circulation (Castaneda et al., 2018). PPG provides real-time passive data streams of HRV,
HR, BP, respiratory change, utilizing Internet-of-Things, enabling connections to
smartphones, emergency services and data streaming functions.

Figure 2.6: The Apple Watch Series 3 was used to measure participant HR (Apple, 2020).

However, cardiovascular measures, such as HR are not exclusively emotional indicators as
they reflect a broad range of functions in the body (ie. Exercise or eating). Cardiovascular
measures should be correlated with a variety of other measurement tools such as Electrodermal Activity (EDA), EEG or cognitive measures.

2.7 Aims and hypotheses
Although there is compelling evidence for the effectiveness of physiological biosensor
measures of emotion, results have been reproduced under stringent laboratory conditions
and have yet to be adapted for applied real-world environments (Borgianni & Maccioni,
2020; Desmet et al., 2016; Thoring et al., 2016).The rising popularity of biosensor wearables
poses an opportunity to broaden the base of affective design research measures incorporating neurophysiological processing and analysis to quantify emotional states. In particular,
the Muse 2 and Apple Watch demonstrate potential for measuring dimensions of valence
and arousal through EEG and HR.
The primary aim of this research is to investigate these devices and assess their capability to
provide data suitable for emotional design research applications. This research will examine
these biosensor signals in response to the IAPS and OxVoc stimuli and investigate their potential to quantify valence and arousal. The motivation was to develop a technique to triangulate design research studies that are currently solely reliant on self-reporting methods.
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The SAM has been shown to be problematic as a self-reporting method. The recently developed EmojiGrid offers more resolution and is easier to understand. However, so far, there
have been relatively little application of this with visual and audio stimuli. Therefore, the
secondary aim of this research is to compare its use against the International Psychological
standardized stimuli sets for emotion (arousal and valence) including the IAPS and OxVoc visual or audio stimuli sets.
Three hypotheses were created in response to the above stated research aims:
1. Self-reported measures of emotion (recorded by the EmojiGrid) will correlate
with visual and auditory stimuli valence and arousal measures.
2. Participant EEG alpha power and asymmetry index will correlate with visual and
auditory stimuli valence and arousal measures.
3. Participant heart rate will be correlated with visual and auditory stimuli arousal
levels.

3. Method
This study adopted a within-subject correlational approach to understanding biosensor
measures of human emotion (Levenson, 2014) due to the low sample size (n=5) and the subjective variability of affective ratings from both cognitive and physiological measures. Five
participants (2 males, 3 females) aged between 23-28 years were sourced via a convenience
sample during the Melbourne lockdowns between August and October 2021 due to the
Covid-19 pandemic. Interested participants read an Information Statement provided by the
researcher and returned a signed consent form prior to the start of research (review reference: 20215694-8074)

3.1 Procedure
Participants were fitted with a Muse 2 headset and a Series 3 Apple Watch, where physiological recording of EEG signals and heart rate was undertaken by the MindMonitor and
HeartGraph V5.14.1 (Smoky Cat Software, 2021) mobile applications respectively. Participants were instructed to sit comfortably for five minutes so that a baseline physiological recording could be measured. Participants were handed a mobile phone displaying an interactive EmojiGrid (figure 3.2), via the StimuliApp mobile application (Marin-Campos et al., 2021)
(figure 3.1) and informed that they were to respond to each stimulus using the EmojiGrid by
sliding the Emoji at the center of the screen to the corresponding valence (x-axis) and
arousal (y-axis). Twenty-one Stimuli from the IAPS datasets 1-20 were presented via a timed
Microsoft PowerPoint presentation on a 24” LG monitor and nine auditory stimuli from the
OxVoc database through Macbook Pro default speakers.
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Figure 3.1. (Left) Formatting the test parameters in the mobile applications, StimuliApp to enable
stimuli responses.
Figure 3.2. (Right) The participants view of the interactive EmojiGrid in StimuliApp.

Visual stimuli were presented on screen for 20 seconds and auditory stimuli ranging from a
duration of 1.3-3s were then played twice within a 20 second period. All stimuli were preceded with a 20 second slide stating ‘The next stimuli will be presented in 20 seconds to capture EEG (5s) and HR (1s) baseline data for each presentation. Upon presentation of each
stimulus, participants recorded their valence and arousal using the EmojiGrid (figure 3.3).

3.3 Temporal processing
A timeline of the stimuli PowerPoint presentation coordinated the windows of stimuli
presentation to process baseline temporal measures of physiological and cognitive responses.

3.4 EmojiGrid and stimuli dataset processing and analysis
The mean valence and arousal values provided by the IAPS dataset, originally on a scale between 1 and 9 were normalized by subtracting four and multiplying by two to be on a comparable scale of -10 and 10 with the EmojiGrid. The OxVoc valence values, originally on a 7point Likert scale were subtracted by four to output negative values. The final coordinates of
the EmojiGrid from the StimuliApp were filtered temporally to each trial and normalized for
stimuli dataset comparison.
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Figure 3.3. Image of experimental setup, where stimuli is presented using the monitor (farthest), and
participants would record their emotional state using the EmojiGrid (closest) (Toet & Erp,
2020).

3.5 EEG recording
Using the Mind Monitor mobile application, raw output signals of AF7, AF8, TP9 and TP10
electrodes according to the 10-20 EEG international electrode placement system (Kim et al.,
2013; Zou & Ergan, 2021) were parsed from the Muse 2 into an exportable .csv file for further analysis.

Figure 3.4. EEG data from electrodes TP9, AF7, AF8, and TP10 were processed via Labchart, where
several filters were applied to remove eyeblink & speech artifact, and to compute alpha band power
used in Asymmetry Index calculations.
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Left (AF7) and right (AF8) electrodes placed on the frontal lobe were used for further analysis. Data was analyzed in Labchart (ADInstruments) (figure 3.4) pre-processing was conducted with a custom filter to mitigate eye-blink artifact, which has been shown to influence
EEG output. EEG alpha (8-13Hz) spectral power were calculated using Fast Fourier Transform
of 5s after stimuli presentation with a 5s baseline.
Data was exported to Microsoft Excel for further analysis where the total spectral power of
the AF7 and AF8 (figure 3.4) electrodes were compared using the following formula to measure Asymmetry Index (ASI):
(𝐴𝐹7 − 𝐴𝐹8)
(𝐴𝐹7 + 𝐴𝐹8)
The ASI was used as a measure of valence, comparable to other emotional states. Temporal
windows with a spectral power standard deviation above 5 V2 were omitted due to excess
artifact and noise associated within the signal, a total of 21 readings were omitted using this
process. The final readings were imported to the master file (figure 3.5).

Figure 3.5. The master Microsoft Excel file, compilating data from IAPS & OxVoc Datasets, EmojiGrid
recordings, EEG measures, HR change and HR deviation from mean for each participant
(values at 15 were categorized as missing values).

3.6 Heart rate recording
Heart Rate data from the Apple Watch was recorded via Heart Graph, which was sent to the
researchers as a .csv file and imported into Microsoft Excel. After temporal filtering, heart
rate values 4 seconds after stimuli presentation and a 1 seconds baseline were recorded for
each stimuli. Heart rate change was calculated by subtracting the HR after stimuli presentation from the baseline value. Heart rate change was imported into each participant master
file in MS Excel and used as a measure of arousal.

11

Brodie Kershaw, Stuart Favilla, David Sly

3.7 Statistical analyses
SPSS was used for further statistical analysis, where a master file containing collated EmojiGrid valence & arousal, OxVoc valence, IAPS valence & arousal, ASI, HR change and stimulus
type values for each respective participant were imported as a .csv file. Correlational inferential statistical testing was conducted using Spearman’s rank correlation due to low sample
size, with a statistically significance level set at p > 0.5. Linear mixed models were also used
but are not included in these results due to minimal relevant findings.

4. Results
4.1 Self-Reported Measures of Emotion
Valence
Self-reported valence measures to the visual and arousal stimuli were explored; comparing
EmojiGrid valence and valence supplied by the IAPS and OxVoc databases. There was a moderate strength positive relationship for both the IAPS and OxVoc datasets. A Spearman correlation found that these relationships were significant for the OxVoc (figure 4.1), r = 0.524,
n = 21, p = 0.005 datasets, and the IAPS (figure 4.2), r = 0.698, n = 102, p = 0.001. Higher participant EmojiGrid valence scores on average tend to also have higher valence scores for

both IAPS and OxVoc datasets.
Figure 4.1. Scatterplot of all EmojiGrid valence values against mean valence values of the OxVoc dataset.
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Figure 4.2. Scatterplot of all EmojiGrid valence values against mean valence values of the IAPS dataset.

Arousal
Correlations between EmojiGrid arousal values and arousal values supplied by the IAPS databases (OxVoc arousal values not supplied) were also examined. There was a weak positive
relationship for the IAPS dataset. These relationships were found to be not significant, r =
0.105, n = 102, p = 0.293.

Figure 4.3. Scatterplot of all EmojiGrid arousal values against mean arousal values of the IAPS dataset.
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4.2 Asymmetry index
The association between the asymmetry index and the EmojiGrid values in response to the
IAPS were explored. For participant 1, there was a moderate strength statistically significant
positive relationship, r = 0.707, n = 20, p = 0.001. The 95% correlation confidence interval for
Spearman’s correlation suggests that correlations for EmojiGrid between 0.385 and 0.875
are consistent with the observed data. Higher ASI scores on average tend to also have higher
EmojiGrid scores.

Figure 4.4. Scatterplot of the asymmetry index against self-reported valence values of the EmojiGrid
for participant 1.

Participants 2, 3, 4 and 5 exhibited a weak, statistically insignificant relationship. A Spearman
correlation found that the highest r values for the IAPS data were participant 4 (r = 0.403, n =
16, p = 0.122) for visual data and participant 5 (r = 0.500, n = 5, p = 0.391) for auditory.

Figure 4.5. Scatterplot of the asymmetry index against self-reported valence values of the EmojiGrid
for all five participants in response to visual affective stimuli.
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Figure 4.6. Scatterplot of the asymmetry index against self-reported valence values of the EmojiGrid
for all five participants in response to auditory affective stimuli.

4.3 Heart rate change
There was no recorded relationship between HR change and self-reported participant
arousal of the EmojiGrid. All participants exhibited a weak relationship for both auditory and
visual stimuli. A Spearman’s correlation test found that all relationships were not significant
at a 95% CI.

Figure 4.7. A scatterplot plotting HR change against self-reported arousal values of the EmojiGrid for
all five participants in response to visual affective stimuli.
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Figure 4.8. A scatterplot plotting HR change against self-reported arousal values of the EmojiGrid for
all five participants in response to auditory affective stimuli.

5. Discussion
The present study explored the capacity for biosensor wearables such as the Muse 2 and Apple Watch to accurately estimate individual emotional states of valence and arousal in response to visual and auditory stimuli.
Hypothesis 1 addressed the accuracy of the EmojiGrid as a self-reporting measure of valence
and arousal for visual and auditory stimuli; the results indicated that the EmojiGrid is an effective measure of visual and auditory valence but not for arousal. The results of hypothesis
2 indicated that EEG asymmetry index was shown to be correlated with self-reported valence in some participants but not others. The results of hypothesis 3 indicated that self-reported arousal had little effect on HR captured by the Apple Watch.
By utilizing OxVoc & IAPS stimuli, participants are responding to representations of prototypical emotions rather than directly experiencing them. It should be noted that from a HCI perspective, experienced emotion insights would be more applicable.

5.1 Self-reported measures of emotion
The relationship between IAPS dataset valence ratings, and the participant’s affective selfreported EmojiGrid valence response showed a strong positive relationship.
However, there was no similar relationship found between IAPS dataset arousal and EmojiGrid self-reported arousal. It should be noted that individual participant ratings have high
variability from the mean stimuli rating, however, on the whole direction of the groupings
trends upwards in a linear fashion. Other pictorial self-reported measures of emotion such
as the Pick-a-Mood (Desmet 2016) similarly had significant valence and arousal values with
the same stimuli for mood and overlap between valence categories (Russell 1989).
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For auditory stimuli, the relationship between mean OxVoc valence ratings, and self-reported participant valence using the EmojiGrid had a moderate positive relationship, although with high variability.
The relationship between the mean affective ratings of auditory and video stimuli has previously been explored by Toet & Erp (2020), finding excellent agreement for valence, and good
for arousal. This study finds a strong correlation for visual valence and a moderate correlation for auditory valence. Considering that the IAPS database is widely validated and used
across the field, strong valence correlation supports the use of the EmojiGrid in future studies of human emotional states, potentially studies spanning across cultures and languages.

5.2 Asymmetry index
Some participants exhibited moderate to strong correlations between the asymmetry index
and increasing self-reported valence for visual stimuli. Generally, as participants reported
higher valence, there was a decrease in alpha power in both the left and right frontal lobes.
Alpha power differed between the left and right frontal lobe for each stimulus, with left alpha power decreasing for positive emotions relative to the right frontal lobe, the inverse was
also observed with negative emotions and the right frontal lobe (Kim et al., 2013; Zhao et al.,
2018). This is in line with previous literature (Kim 2013,Mauss 2009), indicating the potential
of ASI as a measure of valence and demonstrates the capacity for the Muse 2 to be used in
affective research.
However, the rest of the participants showed correlations below 0.5, of which none were
found to be statistically significant for visual or auditory stimuli, the varying directions of the
Spearman correlation for individual participants could indicate that the FAA process cannot
account for individual variability, since a reliable model would produce similar directions
amongst all participants.

5.3 Heart rate change
The present study showed no significant correlations between HR change and self-reported
participant arousal. This was an unexpected result and is not consistent with other studies in
similar areas, which find that cardiovascular measures such as HR deceleration and blood
pressure to be modulated by emotional stimuli (Gomez et al., 2016; Tooley et al., 2017). Although there is less research exploring HR change as a sole measure of cardiovascular activity, many studies explore specific cardiovascular measures such as HR variability, HR deceleration or blood pressure. Previous research has also documented the possibility of an arousal
threshold, triggering ANS associated cardiovascular action (Levenson, 2014). It is possible
that the stimuli or presentation style did not reach the threshold for activation and further
presentation styles/stimuli should be explored.

5.4 Limitations and further directions
A significant limitation of this study is the size of the sample (n=5). Further studies in a larger
number of participants should be conducted to investigate the reliability of the EmojiGrid,
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Muse 2, Apple Watch in affective research and confirm the validity of these results with a
more significant example.
The IAPS stimuli that were presented in this study did not portray widespread arousal or valence levels, 14 of the 22 selected stimuli covered the high-arousal high-valence quadrant
with 5 in the high-arousal low-valence, 3 in the low-arousal high-valence quadrants and 0 in
the Low-Arousal Low-Valence (LALV) quadrant. LALV stimuli tend to be rather graphic and
there were concerns these stimuli would not pass ethics assessments and hence were omitted. However, the lack of spread indicates that further testing with a wider variety of stimuli
is required.
Participants responses to stimuli should be understood as their reactions to representations
of prototypical emotions exemplified by the stimuli sets (IAPS & OxVOC) rather than direct
emotional experiences. Further studies should explore experiential emotions in real-world
contexts which are directly applicable to design applications.
This study could only find weak agreement for EmojiGrid and IAPS arousal, which was an unexpected result. This could be explained by a small sample size, low variability of stimuli
arousal ratings, or participants’ misunderstanding of the meaning of arousal. This should be
further explored in a study with a larger sample size, and higher variability of stimuli.
The OxVoc data was missing several mean values for valence and all values for arousal, making the comparison between the dataset and self-reported valence and arousal difficult. The
mean self-reporting values recorded in this study could contribute to the development of
mean values for the dataset to reduce this problem in the future.
There was some difficulty recording the correct time of individual participant stimuli presentations, trial MS PowerPoint presentations were not recorded or temporally integrated with
measurement devices (Muse, Apple Watch, StimuliApp) within the same software. The end
time of each presentation was noted, and retrospective calculations were made but this is
not an exact time, and there is a possibility that the noted timing of stimuli presents vary between 0-2 seconds influencing the physiological analysis. The use of a stimuli presentation
software, such as Superlab (Cedrus) would be useful in future research, that could communicate stimuli timings with affective measurement software monitoring biosensor signals.
The technical constraints of the Apple Watch Series 3 exported HR data as a whole number
every few seconds, which lacked high granularity and detailed data necessary for accurate
neurophysiological analysis. The Apple Watch lacked specific raw data that would allow detailed analysis using measures such as HRV or HR deceleration.
Eye-blink artefact is known to influence Alpha wave signals, this is commonly mitigated by
asking the participant to close their eyes. However, visual stimuli require the eyes to be
open, making alpha wave interpretation difficult. Custom retrospective filtering of the eyeblink artefact was conducted, although artefact may have been present during the analysis,
influencing results. Future studies should include an additional electrooculography (EOG)
electrode that can subtract eyeblinks.
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FAA should also be further explored with higher fidelity equipment exploring frontal asymmetry among beta, gamma and alpha waves with higher sample size and increased variability and number of stimuli. Other EEG computational techniques that can measure valence
and arousal using complex mathematics and machine learning should also be explored.

6. Conclusions
There is clear potential for the use of affective biosensors for emotion research in the future.
Self-reported measures of emotion (recorded by the EmojiGrid) demonstrated a good correlation with mean dataset valence for visual and auditory stimuli but not for arousal. This is
an excellent result as it validates the EmojiGrid as a viable self-assessment tool for emotional
valence. As the EmojiGrid is a relatively new tool this outcome makes a publishable outcome.
Additionally, the good correlation of valence provides support for the IAPS and EmojiGrid to
be used in tandem to further study, develop or even calibrate biosensor measurement systems targeting emotional valence.
Participant ASI accurately measured the valence of some participants but needs further exploration with the increased reduction of speech and eyeblink artefact.
No correlation was found between self-reported arousal and HR change, of which there are
likely several contributing factors: (1) lack of raw data provided by the Apple Watch, with a
decreased granularity & signal quality, (2) the possible involvement of an arousal threshold
activation process, or (3) inaccurate stimuli presentation timings impacting temporal filtering
of HR data.
Lastly the World’s longest COVID lockdown of 2021 in Melbourne Australia, directly impacted this research project which had initially been carefully planned to be undertaken in
laboratories at Swinburne University of Technology with high-grade research equipment and
under strict protocols and procedures. However, in response to the University closure, the
research continued with wearable devices including the Muse 2 and Apple Watch.
Therefore, the research was able to directly explore the potential of biosensor wearables.
The Muse 2 and Apple Watch have potential as low-cost, accessible, and portable physiological emotional measurement tools, improving ecological validity in real-world environments.
Biosensors provide passive, real-time insights of physiological signals that could be integral
to the future of human-computer interaction and affective design.

6.1 Future work
Future work should further explore the EmojiGrid as a measure of valence and arousal,
against other contemporary tools, such as the affective slider and SAM with a large sample
size. Future Muse 2 research should incorporate an EOG to subtract eyeblink artefacts for
visual stimuli and research should be conducted to remove speech artefacts. Further Apple
Watch research should explore ways to derive highly granular raw data that can be used for
detailed analysis. Further biosensor research should also incorporate a wide variety of
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biosignals such as EDA, and respiratory rate. The EmojiGrid and Biosensor tools used should
be applied to design approaches such as design thinking, co-design and speculative design.
Acknowledgements: We would like to extend my gratitude to Dr. Mark Schier and Dr.
Matt Walsh for their technical expertise and assistance in EEG pre-processing and removing artifact. Also to Denny Meyer for her help with the statistical analysis. We also
gratefully acknowledge the efforts of Matthew Cooke, and the Sonic lab group for our
regular meetings and breadth of knowledge.
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